Abstract: The subdifferentiation of the nucleus accumbens (NAc) has been extensively studied using neuroanatomy and histochemistry, yielding a well-accepted dichotomic shell/core architecture that reflects dissociable roles, such as in reward and aversion, respectively. However, in vivo parcellation of these structures in humans has been rare, potentially impairing future research into the structural and functional characteristics and alterations of putative NAc subregions. Here, we used three complementary parcellation schemes based on tractography, task-independent functional connectivity, and task-dependent co-activation to investigate the regional differentiation within the NAc. We found that a 2-cluster solution with shell-like and core-like subdivisions provided the best description of the data and was consistent with the earlier anatomical shell/core architecture. The consensus clusters from this optimal solution, which was based on the three schemes, were used as the final parcels for the subsequent connection analyses. The resulting connectivity patterns presented inter-hemispheric symmetry, convergence and divergence across the modalities, and, most importantly, clearly distinct patterns between the two subregions. This convergent connectivity patterns also confirmed the connections in animal models, supporting views that the two subregions could have antagonistic roles in some circumstances. Finally, the identified parcels should be helpful in further neuroimaging studies of the NAc. Hum Brain Mapp 38:3878-3898, 2017.
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INTRODUCTION
The nucleus accumbens (NAc) of the human brain, located ventral and slightly medial to the head of the caudate nucleus, forms an integral part of the ventral striatum. Although clear-cut borders have only been partially identified [Cauda et al., 2011; Voorn et al., 2004] , it has been accepted as an integral, but specialized, part of the striatal complex [Heimer et al., 1991] . The NAc plays a pivotal role in refining action selection [for review, see Floresco, 2015] and has been an important target for deep brain stimulation (DBS) and novel biological therapies in anxiety-and obsessive-compulsive disorders, for example, depression and addiction [for review, see Blomstedt et al., 2013; Gelfand and Kaplitt, 2013; Sturm et al., 2003] .
Numerous studies further confirmed multiaspect heterogeneity of the NAc, resulting in various parcellation schemes based on this multiaspect heterogeneity [for review, see Salgado and Kaplitt, 2015] . Zaborszky et al. [1985] first parcellated rodent NAc into shell and core based on a differential distribution of cholecystokinin immunoreactivity, with the latter being more medial and ventral than the former. This dichotomy was subsequently established using various schemes in monkeys [Brauer et al., 2000] and humans . Another important parcellation, a mosaic arrangement of patches and matrix, particularly in the core subregion, was defined by the conjunction of histochemical markers together with intrinsic inputs-outputs in studies at a finer neuronal circuit level [Arts and Groenewegen, 1992; Humphries and Prescott, 2010] . In addition to these common solutions, the shell was further subdivided into medial and lateral areas, or even more subregions, based on their unique sets of inputs and outputs [Ikemoto, 2007] . The rostral pole was identified because of its specific efferent projections in rodents [Zahm and Brog, 1992; Zahm and Heimer, 1993] but not in primates [Ikemoto et al., 1995; McCollum and Roberts, 2014] . Although multiple levels of complex organization have been identified, to date the shell-core dichotomy has been the most intensely investigated. However, the aforementioned studies almost entirely utilized traditional anatomic or histochemical techniques. In human neuroimaging, the NAc or area containing the NAc was separated from the striatum by some researchers but without a further subdivided [Draganski et al., 2008; Fan et al., 2016; Janssen et al., 2015; Tziortzi et al., 2013] . For NAc-specific parcellation, Baliki et al. [2013] used a tractography-based approach to parcellate the human right NAc into pshell and pcore subregions, roughly corresponding to the anatomical shell and core, respectively, at a coarse-grained level.
Key insights into the specific functions of the NAc subregions were gained in numerous lesion, stimulation, and neural recording studies conducted in animal models [for review, see Nicola, 2007] . Additionally, the neural substrates underlying these functions have been further investigated [Reed et al., 2015 ; for review, see Basar et al., 2010; Salgado and Kaplitt, 2015] . The shell and core were each found to be functionally aimed at facilitating the selection of the best available reward, but promoted distinct patterns of behavior [cf. Floresco, 2015] . The shell receives prominent projections from the ventromedial prefrontal cortex [Heidbreder and Groenewegen, 2003] , hippocampus (HIPP) [Groenewegen et al., 1987] , amygdala (AMYG) , the small, but important, projections from the thalamic subregions of the intralaminar and midline nuclei [Van der Werf et al., 2002] , as well as dopamine (DA) from the ventral tegmental area (VTA) [Stopper and Floresco, 2011] . Functionally, the shell plays a role in suppressing less-or non-rewards stimuli that may interfere with the association with the best available reward-predicting stimuli, by way of value-driven decision making. The core, however, receives prominent projections from the anterior cingulate cortex (ACC) [Parkinson et al., 2000] , intralaminar and midline nuclei [Van der Werf et al., 2002; Zhu et al., 2016] , anterior part of the basolateral amygdala [Cardinal and Everitt, 2004] , and DA from the substantia nigra (SN) [Bjorklund and Dunnett, 2007] . Functionally, the core plays a role in selectively instigating an approach toward an incentive stimulus associated with the best available reward after Pavlovian cue encoding. In addition, more accurate, anatomically localized studies suggested that the NAc shell and core play prominent roles in reward [Castro and Berridge, 2014; Pecina and Berridge, 2005] and aversion [Castro et al., 2016; Yamaguchi et al., 2015] processing, respectively. DBS of the NAc shell and core also resulted in opposite effects on impulsive action [Sesia et al., 2008] . However, these findings about the subregions from animal studies have not yet been well-documented in in vivo human imaging. Baliki et al. [2013] exhibited distinct connectivity profiles for the pshell and pcore subregions but they were not wellcharacterized across modalities; while another investigator deliberately constructed the subregions as having regularly shaped volumes [Aharon et al., 2006] based on previous anatomical information. All these studies support the dissociable roles of the NAc subregions to some degree.
In addition to the commonly used connectivity-based parcellation (CBP) , highly structured brain spontaneous fluctuations [Deco et al., 2013] , that result in types that are distinct but have closely related connectivity patterns have been utilized to parcellate brain regions into consensus subregions across modalities [Bzdok et al., 2013; Wang et al., 2015] . Previous researchers have identified highly consistent distributions of parcels in the optimal solutions for different brain areas [Genon et al., 2017; Kelly et al., 2012] . These studies found convergent as well as divergent connectivity characteristics across subregions and/or modalities without any additional comparisons of the connectivity patterns. Whether consensus subregions exist in the NAc and their connectional characteristics across hemispheres, modalities, and subregions needed to be explored.
To address these issues, three CBP schemes based on probabilistic diffusion tractography (PDT-CBP) [Fan et al., 2016] , resting-state functional connectivity (rsFC-CBP) , and meta-analytic connectivity modeling (MACM-CBP) [Ray et al., 2015] were used to parcellate the NAc. For the former two schemes, we used highquality MRI data from the Human Connectome Project (HCP) Van Essen et al., 2013] and applied mixed registration methods. The latter two schemes were used on these nuclei for the first time, as far as we know. The consensus clusters across the three schemes were utilized in the subsequent connection analyses from whole-brain voxel-wise and connectivity fingerprints perspectives. We further compared the connectivity patterns across the hemispheres, modalities, and subregions [cf. Mars et al., 2016] and investigated the dissociable roles of the subregions supported by their characteristic connectivity patterns.
MATERIALS AND METHODS

Subjects and MRI Acquisition
Subjects
(1) We first randomly extracted 80 subjects from the HCP to test the accuracy of a new local registration method, NABC (cf. Supporting Information Methods I.2), and the definition of the region of interest (ROI). (2) Misregistration may impact parcellation quality (cf. Supporting Information Limitations and improvements). Therefore, to lessen this impact, we selected the 40 subjects (ages 22-35; 22 males) who had the highest Dice coefficients [Dice, 1945] out of the HCP-80 for the registration accuracy and used them to increase the accuracy of the parcellation. This HCP-40 dataset has sufficient statistical power for subsequent characterization of the connectivity patterns of the subregions.
MRI acquisition
All of the experimental data extracted from the HCP were obtained on a customized 3T Siemens Skyra using a 32-channel head coil [cf. Van Essen et al., 2013] . The data included high-resolution T1/T2-weighted structural MRI (sMRI) ] data acquired using a 3D MPRAGE sequence with 0.7 mm isotropic resolution; diffusion MRI (dMRI) Ugurbil et al., 2013 ] data acquired using a multishell approach at a 1.25 mm isotropic resolution; and resting-state fMRI (rsfMRI) Ugurbil et al., 2013] data acquired while the participants relaxed with their eyes open, using a gradient echo planar imaging (EPI) sequence with 2 mm isotropic resolution, and 1,200 time points. In this current study, we only chose the first run of the rsfMRI, which took about 14.5 min per subject. Finally, we used the preprocessed sMRI data, according to the HCP minimal processing pipelines (Supporting Information Methods I.1) for the image registration and definition of the ROI.
Mixed Registration Methods
When registering a small brain region, such as the NAc, between individuals, the traditional nonlinear registration method may impair the registration accuracy, limiting the parcellation quality. We generalized a locally weighted registration method of the automated brainstem coregistration method [Napadow et al., 2006] to the NAc, and termed it NAc-based co-registration (NABC; detailed in Supporting Information Methods I.2). The HCP-80 group was employed to identify differences between the NABC and the common-used nonlinear registration, FSL' FNIRT [Jenkinson et al., 2012 ] via a paired-samples t-test. The results showed that the NABC ( Fig. 1 ; LH: 0.845 6 0.035; RH: 0.833 6 0.035, l 6 r) had significantly greater registration accuracy than the FNIRT (left: 0.813 6 0.038, at P < 10 26 ; right: 0.814 6 0.040, at P < 10 24 ). Therefore, for the subsequent registrations of the local brain images limited to the NAc, we chose the NABC method. But for the registrations of the whole-brain distributed images, NABC had a low accuracy, so we used FNIRT. To register the images between modalities within an individual, we used a customized 6 degrees of freedom (DOF) FLIRT BBR 1 BBRegister algorithm . 
Definition of the ROI
For each subject in the HCP-80, we extracted a rough NAc mask from their T1w image using FSL's FIRST [Patenaude et al., 2011] . We then used the T2w (or T1w divided by T2w) image as the background because of its enhanced contrast between the NAc and caudate-putamen (CPu) [Mavridis et al., 2011] compared with the T1w image [Neto et al., 2008] and overlaid it with the rough NAc mask, manually correcting any obvious departures by referring to well-accepted structural conventions of the NAc based on anatomical landmarks [Breiter et al., 2001] (http://www.cma.mgh.harvard.edu/manuals/segmentation/). Then, all the individual specific NAc maps were transformed into standard (MNI) space using NABC to create a group-averaged NAc map. The final ROI was generated by thresholding the group-averaged NAc map at >70% probability and performing a subsequent binary conversion (Supporting Information Fig. S1 . left NAc: 876 mm 3 and right NAc: 800 mm 3 ).
Data Preprocessing
For each subject in the HCP-40 dataset, we used the preprocessed dMRI and fMRI data in whole and in part, respectively, according to the HCP minimal processing pipelines (cf. Supporting Information Methods I.3, I.4).
We segmented their preprocessed T1w images into different tissue types using FSL's FAST [Zhang et al., 2001 ].
The gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF) masks were brought into subject-native function and diffusion space for further analyses, such as nuisance covariates regression. In addition, the GM masks were transformed into standard MNI space using FNIRT to calculate the group-averaged GM mask (thresholded at >0.5) primarily for use in the group-level statistical analysis.
The preprocessed dMRI data were used to estimate the fiber orientations and the uncertainty using FSL's multishell spherical deconvolution toolbox "bedpostx" . The number of fiber compartments in each voxel was determined using automatic relevance determination priors [Behrens et al., 2007] .
We analyzed the rs-fMRI data using FSL and custommade software written in MATLAB. Transforming functional data between subject-native and standard MNI space can introduce large, wide-spread effects on rs-fMRI correlations due to imperfect registration [Seibert and Brewer, 2011 ], so we preprocessed the "unprocessed" HCP rs-fMRI data in subject-native space (cf. Supporting Information Methods I.4). Note that we regressed out the confounding head movement time series (six motion parameters) and the mean time series of the WM and CSF. To spatially smooth the data, we used a 6 mm Gaussian kernel of FWHM. Additionally, to reduce the lowfrequency drift and high-frequency noise, a band-pass filter was used to separate the data at slow-4 (0.027-0.073 Hz), which is known to have higher amplitudes in many brain regions including the basal ganglia, thalamus, and CPu [Zuo et al., 2010] .
Connectivity-Based Parcellation
PDT-CBP
The final ROI in standard MNI space was brought back into subject-native structural space using NABC and then back into diffusion space using the 6 DOF FLIRT BBR 1 BBRegister masked by the GM mask in subjectdiffusion space to remove a very limited number of voxels misregistered into the WM/CSF. Subsequently, wholebrain probabilistic streamline tractography was implemented for each voxel in the seed mask, and the connection and cross-correlation matrixes [Johansen-Berg et al., 2004] were constructed for this seed mask in subject-native diffusion space. The latter was further fed into spectral clustering, which automatically subdivided all the voxels in the seed mask into multiple subgroups [Baldassano et al., 2015] . Then, voxels in every subgroup were mapped back onto the brain to generate the subregions in diffusion space (detailed in Supporting Information Methods I.3).
Note that one open issue with the spectral clustering algorithm is the number of clusters, which need to be set by the investigator beforehand. In this study, we set it to range from 2 to 4 (cf. Discussion). Subsequently, every parcellation result was transformed into standard MNI Comparisons between FNIRT and NABC. Box and whisker plots show the Dice (registration accuracy) between the deformed source and the target label volumes and then the average across brain pairs. Box lines at the lower quartile, median and upper quartile values, and whiskers extend from each end of the box to 1.5 times the interquartile range. Outliers were indicated by "o." A paired samples t-test tested the differences between the two methods (*P < 10 24 ). LH: left hemisphere; RH: right hemisphere.
space via a subject-native structural scan using NABC. Group-level probability maps of the subregions, reflecting the inter-individual variability of each given subregion [Caspers et al., 2008] , were created by overlapping the corresponding subregions for all the subjects in MNI space; then the group-overlapped subregions maps were thresholded at >50% probability to generate the final subregions' binarized mask for each solution.
rsFC-CBP
Using a procedure (detailed in Supporting Information Methods I.4) that was similar to PDT-CBP, the seed mask was transformed into subject-native function space for every subject and masked by the GM mask in subjectfunction space. We calculated the whole-GM resting-state functional connectivity (rsFC) for each voxel in the seed mask and constructed the similarity matrix based on every possible pair of rsFC maps using eta 2 , which can provide a better measure of the similarity between rsFC maps than does a spatial correlation [Cohen et al., 2008; Kelly et al., 2010] . The resulting eta 2 matrix is similar to the crosscorrelation matrix obtained in PDT-CBP.
where, a i and b i are values at position i in the iFC maps of a and b respectively; m i is the mean value of the two iFC maps at position i; and M is the grand mean across all locations in both correlation maps. The eta 2 matrix was then fed into spectral clustering, which automatically subdivided these voxels into subgroups that were preset to 2-4. Then each subgroup's voxels were separately mapped back onto the brain as the individual NAc subregions in function space. Each individual result was transformed into standard MNI space via a subject-native structural scan to generate a grouplevel subdivisions' probability map and to obtain the final subregions' binarized mask for each solution by thresholding the group-overlap subregions at >50% probability. The parcellation parameters were consistent with PDT-CBP for comparison purposes.
MACM-CBP
We used the MACM package [Eickhoff et al., 2011; Robinson et al., 2010] in the MATLAB environment to perform a task-dependent co-activation-based parcellation. The MACM13 version provided 7,377 functional neuroimaging experiments (67,620 foci) for the whole-brain mask after searching the BrainMap database (http://www.brainmap.org/) with the following constraints: (i) only fMRI and PET experiments; (ii) normal mapping in stereotaxic coordinates; and (iii) healthy adults.
For each voxel in the NAc seed mask in standard MNI space, we selected the nearest 20, 22, 24 . . . or 100 sets of experiments that reported the closest activation to a given seed voxel (i.e., 41 filter sizes). For each filter size, these selected experiments, in which all the foci were processed by 3D Gaussian probability distributions and then combined into a modeled activation map (MA), were used to calculate the brain-wide activation likelihood estimation score (ALE) for the given voxel Turkeltaub et al., 2012] . These ALE scores were not thresholded so that they would retain the complete pattern of co-activation likelihood. All of the ALE scores that corresponded to the NAc voxels were combined into a coactivation map, yielding 41 voxel-wise brain-wide coactivation maps that corresponded to the 41 different filter sizes. These coactivation maps were then fed into k-means clustering separately with the k preset from 2 to 4, that is, the same number as was used for the PDT-CBP and rsFC-CBP, yielding 3 (number of clusters) 3 41 (filter size) independent cluster solutions. Finally, we determined the most stable range of filter sizes, that is, those that produced solutions that were most similar to the consensus solution, as well as the optimal parcellation solution.
Determining the Optimal Parcellation Solution and the Consensus Clusters
We used the spectral clustering algorithm (for PDT-CBP and rsFC-CBP) and the k-means algorithm (for MACM-CBP). The clusters number, k, of these algorithms was set from 2 to 4. To choose the optimal clusters, that is, the parcel numbers, we used two metrics (cf. Supporting Information Methods I.5). The Dice was used to assess the interindividual, inter-scheme consistency for a subregion, and the variation of information (VI) [Meil a, 2007] , which can be used to quantify the dissimilarity between two clustering solutions based on information-theory, was used to calculate a given k solution and its parent k -1 solution, as described elsewhere [Clos et al., 2013; Kelly et al., 2010] . Its solutions are considered stable if there is a significant increase in VI from the k (current) to the k 1 1 solution (primary criterion) or if there is a significant decrease from k 2 1 to the k solution (secondary criterion). The VI and the across-schemes mean of the VI were also used to identify the optimal solution.
After determining the optimal solution, the voxels that were consistently assigned across the three schemes were overlapped and their intersections, those that had similar connectional characteristics, were extracted as the final consensus clusters to form a multimodal parcellation [Bzdok et al., 2013; Wang et al., 2015] .
Characterization of the Clusters: Whole-Brain Voxel-Wise Connectivity
To further characterize the anatomical connection (AC), rsFC, and coactivity profiles of the NAc subregions, the final consensus clusters were brought back into the subject- 
AC
In diffusion space, using a procedure that was similar to the procedure used for the PDT-CBP but for each subregion rather than for each voxel, 50,000 samples were drawn from the connectivity distribution to generate the whole-brain connectivity probability using the tool "probtrackx." The connectivity probability was thresholded at >0.04% of the samples [Fan et al., 2014 ] to reduce false positive connections. The identified fiber tracts were then binarized and transformed into standard MNI space. All the normalized fiber tracts across the subjects were averaged to obtain a probability fiber tracts map. The map was thresholded at 50% to generate the group-level common AC pattern for the given subregion.
rsFC
A whole-brain rsFC map, the Pearson correlation coefficients between the mean time series for the given subregion, and the time series for each voxel in the GM mask were calculated in function space for each subject. All the rsFC maps were converted to z-values using Fisher's z-transformation to improve normality and then transformed into standard MNI space. All these normalized z-valued rsFC maps were fed into a random effects one-sample t-test to determine the regions that had significant correlations with the NAc subregions in a voxel-wise manner. A statistical threshold of P (uncorrected) <0.001 was set to achieve a corrected clusterwise statistical significance of P < 0.05, with the cluster size estimated based on the group-averaged GM mask and the group-averaged Gaussian filter width. Further, minimumstatistic conjunction [Nichols et al., 2005] analyses were performed between all of the subregions, so that the surviving voxels had significant rsFC with all subregions. The extended threshold of the cluster size of the conjunction was set at 50. A contrasts rsFC was calculated using a paired samples t-test to compare the differences in the functional connection between all the pairs of the subregions. We set an uncorrected statistical threshold of P < 0.01 to further achieve a corrected statistical significance of P < 0.05 at the cluster-level.
Coactivity
A follow-up MACM analysis was performed to characterize the coactivity profiles of these subregions in MNI space. Unlike the voxel-wise coactivation map aforementioned, a single ROI-wise map was created for each NAc subregion. Given a specific NAc subregion, all experiments in the BrainMap database that had at least one focus of activation close to this subregion, that is, any focus generalized by a specific 3D Gaussian probability distribution that overlapped with this subregion, was identified. Based on these experiments, an ALE map was calculated and then compared to an ALE null distribution, which reflects a random spatial association between experiments with a fixed within-experiment distribution of foci , to determine the regions that were significantly coactivated with the given subregion. Next, a nonparametric statistical image with P-values based on the proportion of equal or higher random values was generated by testing the observed ALE scores against the ALE scores obtained from the null-distribution from the random spatial association . This nonparametric P-values map was converted into z-scores and thresholded at a voxel-level P<0.01. Then multiple comparisons were made using a cluster-level FWE-corrected threshold at P < 0.05. Similarly, a conjunction analysis was performed against the conjunction null hypothesis using the minimum statistic [Nichols et al., 2005] . The contrast analysis was performed to test the "true" difference between two MACMs against the contrast null-distribution with the resulting Pvalues thresholded at P < 0.95 and an extended cluster threshold size of 50 [cf. Hoffstaedter et al., 2014] .
We further assessed the degree of convergence between rsFC and MACM by performing the minimum-statistic for the conjunction analyses [Genon et al., 2017; Reid et al., 2016] . Only voxels with suprathreshold statistics for both the rsFC and MACM maps were included in the resulting conjunction, and the extended cluster threshold size was set at 50.
Characterization of the Clusters: Fingerprints
Connectivity fingerprinting [Passingham et al., 2002] was employed to investigate the unique connectivity pattern of each cluster. The target areas were chosen from a combination of atlases, including the Harvard-Oxford probabilistic atlases covering both cortical and subcortical areas (thresholded at 50%) [Desikan et al., 2006] , the Oxford thalamic connectivity atlas (thresholded at 50%) [Behrens et al., 2003] , and the dopaminergic midbrain probabilistic atlas (thresholded at 50%) [Murty et al., 2014] . To identify the subcortical structures, we chose the caudate (Ca), putamen (Pu), pallidum (Pa), HIPP, and AMYG from the Harvard-Oxford subcortical atlas, the thalamus from the finer-grained Oxford thalamic connectivity atlas, and the brainstem from the midbrain probabilistic atlas. The resulting combined atlas included 61 brain regions for each hemisphere.
For each specific NAc subregion and a specific connectivity type, a set of brain areas that met the criteria (cf. Supporting Information Methods I.6) were extracted to form a connectional family. The connectional values were normalized to the maximum connectional strength [Mars et al., 2012] . The tendency of the target areas to be connected to the NAc subregions, were calculated by the relative connections and then used to construct the fingerprint.
Because the prefrontal cortical has extensive and primary inputs to the NAc but the Harvard-Oxford atlas for r Multimodal Parcellation of the Human NAc r r 3883 r this area was relatively course-grained, we employed a finer-grained frontal atlas [Neubert et al., 2014] to detect the finer frontal connectivity pattern. The frontal atlas was created using PDT-CBP and subdivided the frontal and anterior cingulate cortices, yielding a total of 21 regions for each hemisphere. We investigated the specific frontal cortical AC with the NAc subregions using the same procedure.
Comparisons Across Hemispheres, Modalities, and Subregions Using Fingerprints
Connectivity fingerprints have been extensively employed in comparative neuroscience to investigate the relationships between differences in the organization of different brains [cf. Mars et al., 2016] . We used it here to compare the connectivity patterns across hemispheres, modalities, and subregions. The target areas obtained using fingerprints from different modalities are sometimes inconsistent, but a unified organizational structure is necessary to compare these fingerprints. To avoid the risk of overfitting the fingerprint by having too many target areas [Mars et al., 2016] , we used the intersections of the target areas across the modalities, the convergent fingerprint, for the comparisons across the modalities.
Finally, to ensure that any differences were not due to differences between the methods, all the comparisons were based on relative connectional values that were obtained using same methodology and parameters so that they only differed in their connections. Permutation tests were subsequently used to determine significant differences in the Manhattan distance between fingerprints, as described in Mars et al. [2016] (cf. Supporting Information Methods I.7), that is, to determine those that were lower ("close" relationship) or higher ("far" relationship) than expected by chance. Moreover, for each target area in the AC and rsFC fingerprints, paired t-tests were used to test the significance of the connectional differences between the results for each pair of subregions.
RESULTS
CBP of the NAc
Because it presented significantly higher registration accuracy, NABC was chosen as the optimal registration method for the local brain images that were limited to the NAc. Forty subjects were selected for the PDT-CBP and the rsFC-CBP. All three schemes consistently constrained the maximum clustering number to 4. The resulting parcels were visualized in multislices (Fig. 2) .
The 2-cluster solution in three schemes as well as the 3-cluster solution in the PDT-CBP, presented highly symmetric topological distributions across the hemispheres. Additionally, we observed good convergence between the three schemes in the 2-cluster solution. Shifting attention to the data metrics, compared to the 3-and 4-cluster solutions, the 2-cluster solution was clearly superior for all the data metrics. Specifically, the optimal solution according to the Dice coefficients was, in order, 2 > 3 > 4, while according to the VI, the order was 2 > 4 > 3 ( Fig. 3 ; see Supporting Information Results II.1). In addition, the topological distribution of the 2-cluster solution corresponded well to the well-accepted shell-core dichotomy. Taking all of these points together, we chose the 2-cluster solution as the optimal solution in this study. We named the ventralcaudal portion the "shell-like subdivision" and the dorsalrostral portion the "core-like subdivision" based on the anatomical shell-core organization. Subsequently, consensus clusters were generated as the final multimodal parcels, which were composed of seed voxels that were consistently assigned across the three schemes. (Fig. 3) .
Anatomical Connectivity of the NAc Subregions
For visualization purposes, the AC patterns of the NAc subregions were thresholded at 70% and portrayed using MRIcron (Fig. 4A) . 18 target areas that met the criteria were extracted to build the AC fingerprints ( Fig. 5A ; Supporting Information Table S4 ).
Cortical Areas
The connections with the two subregions were primarily concentrated in the ventral prefrontal region [Heidbreder and Groenewegen, 2003] and ACC, and relatively weakly with areas that included the temporal pole (TP), anterior parahippocampal gyrus (paraHIPP.a), and anterior temporal fusiform cortex (TF.a). Two NAc subregions connected with the ventral prefrontal lobe via the forceps minor or, more specifically, the accumbofrontal fasciculus [Rigoard et al., 2011] , but with obviously different connectional junctions and strengths. The shell-like subdivision connected with the mediocaudal regions, that is, the medial prefrontal cortex (MPFC; BA14), medial orbitofrontal cortex (OFC.m; medial part of BA13), and subcallosal cortex (SCC; BA25), while the core-like subdivision connected with the rostrolateral prefrontal cortex, that is, the medial frontal pole (FP.m) and BA47. The shell-like subdivision also showed a significantly stronger connection with the ACC. In addition, the three weak connection areas aforementioned showed prominent connections with the shelllike area via the uncinate fasciculus.
In short, as shown by the quantified connectional fingerprints, the shell-like subdivision presented significantly stronger connections than the core-like subdivision with all the cortical areas in its connectional family, with the exception of the FP (see Supporting Information Results II.3). All the aforementioned connections, except those to the ACC, and OFC, were consistent with earlier reports [Haber et al., 1995; Parkinson et al., 2000 ; for reviews, see Basar et al., 2010; Salgado and Kaplitt, 2015] . The disagreement in the OFC was resolved by using the finer-grained frontal atlas described below. A possible explanation for the areas with weak connections is presented in the Supporting Information Results II.3.
Subcortical Structures
All the limbic structures in the combined atlas, except the Pa, showed extensive connections with the two NAc subregions. For example, the HIPP was connected via the fimbria-fornix fiber bundle [DeFrance et al., 1985] and the CPu via intra-striatal projections [van Dongen et al., 2005] .
For these, the shell-like area showed a significantly stronger connection with the HIPP and the AMYG but a significant weaker connection with the Pa and the Ca; no significant differences were found with the Pu. Some other important connections included connections with the midbrain (MidB) and the thalamus (THA) subregions, two strong connection areas (THA.preF and THA.T), and two weak connection areas (THA.O and THA.postP); all of these showed significant connections with the core-like subregion.
In short, the shell-like subdivision had prominent connections with the HIPP and AMYG, while the core-like subdivision had prominent connections with the Ca, Pa, MidB, THA.preF, THA.T, and THA.postP. No significant differences were found in the Pu or the THA.O.
After further permutation tests comparing the fingerprints of the two subregions, the observed was greater Connectivity-based parcellation of the human NAc. For comparison and visualization purposes, the maximum probabilistic maps (thresholded at >50%) of the NAc subregions for k 5 2, 3, and 4 using PDT, rsFC, and META are shown in a multislice presentation. LH: left hemisphere; RH: right hemisphere.
r Multimodal Parcellation of the Human NAc r r 3885 r than the criterion in the right tail, so we rejected the null hypothesis as not being a likely explanation for such an observed difference, that is, the two fingerprints were "far" from each other in that the shell-like and core-like subdivisions had clearly distinct AC profiles. In the same way, we observed "close" fingerprints across the corresponding subregions between hemispheres (Supporting Information Fig. S7 ), reflecting the inter-hemispheric symmetry of the AC pattern.
Resting-state Functional Connectivity of the NAc Subregions
We examined the voxel-wise whole-brain common and specific rsFC patterns for the NAc subregions ( Fig. 4B and Supporting Information Fig. S5 , for the peak coordinates see Supporting Information Table S1 ). 20 target areas were extracted to build the rsFC fingerprints ( Fig. 5A ; Supporting Information Table S4 ).
The cortical areas that held positive rsFC in common with the two NAc subregions were concentrated in the SCC, insular (INS), FP, ACC (prelimbic and dorsal portions), and the paracingulate cortex (paraCC). The subcortical structures that connected to both subregions included the CPu, Pa, THA, and MidB. In addition, both left NAc subregions had activations with the OFC (BA11); both right NAc subregions had activations with the HIPP and paraHIPP.a. The brain areas that had negative rsFC with both NAc subregions were concentrated in the superior parietal (SPL), inferior parietal lobules (IPL), precuneus, and some extensional areas. Additionally, a greater number of negatively connected areas, including the temporal (middle/inferior temporal gyrus) and frontal (middle/inferior frontal gyrus) lobe areas and the precentral gyrus, were found in the right than in the left hemisphere. Clustering metrics and the consensus clusters. Top panel: the mean Dices for the parcels of the three schemes (across subjects for PDT-and rsFC-CBP; across filter-sizes for MACM-CBP) were averaged as the intra-scheme Dices (red lines). The final parcels of the three schemes were used to calculate the interscheme Dices (green lines) and the intra-schemes VIs (blue lines) (detailed in Supporting Information Methods I.5). Consensus clusters of the 2-cluster solution are shown as multislices and in 3D in the low panel. Ca: caudate; Pu: Putamen.
r Xia et al. r r 3886 r Specific differences in the rsFC patterns between the two subregions were examined by paired t-tests. The shell-like subdivision had significant rsFC with the SCC and AMYG. In addition, the left shell-like subdivision had prominent connections with many other areas, including the HIPP, paraHIPP, FP.m (BA10/11), TF.p (BA20), and Connectivity patterns of the shell-like and core-like subdivisions. (A) Population maps of the probabilistic tractography results from the two NAc subregions in the bilateral hemispheres were thresholded at 70% and are portrayed on the MNI152 standard brain in 3D and multislice presentations, respectively. (B) Conjunction and contrast analyses of the voxel-wise rsFC of the two NAc subregions in the left hemisphere. The former shows the common positive and negative connections, using red-yellow and blue-cyan color ranges, respectively, while the latter shows the specific connections with the shell-like and core-like subdivisions, using red-yellow and blue-cyan color ranges, respectively. (C) Conjunction and contrast analyses of the voxel-wise coactivation of the two NAc subregions in the left hemisphere. For specifics about the color ranges, please refer to the explanation in (B).
r Multimodal Parcellation of the Human NAc r r 3887 r TP, while the right shell-like subregion had a prominent connection with the MPFC. In contrast, the core-like subdivision had significant rsFC with the Ca, Pu, ACC, and FP.l (BA46). Additionally, the left core-like subregion also had a prominent connection with the posterior cingulate cortex (PCC), and the right core-like subdivision had a prominent connection with the INS.
The results from the fingerprint analyses were similar to the above results from the voxel-wise connectivity (detailed in Supporting Information Results II.4); in brief, the shelllike subdivision had significant cortical connections with the MPFC, OFC, SCC, and supramarginal gyrus posterior division (SMG.p; weak connection) and significant subcortical connections with the HIPP and AMYG. In contrast, the corelike subdivision had significant cortical connections with the INS, SPL, ACC, paraCC, and PCC (weak connection) and significant subcortical connections with the CPu, THA.preF, THA.T, and MidB. Some other target areas, including the FP, SGM.a, lateral occipital cortex superior division (LOC.s), and Pa, were inconsistent across the hemispheres; a possible explanation is provided in the Supporting Information Results II.4.
After further permutation tests of these fingerprints across the subregions and hemispheres (Supporting Information Fig. S7 ), we got results similar to those from the AC fingerprints, in that the shell-like and core-like Connectivity fingerprints of the shell-like and core-like subdivisions. (A) Left, middle, and right two panels show the AC, rsFC, and coactivity fingerprints, respectively. For each target area, the connectional differences between the two subregions with this target area were tested using a paired samples t-test (HCP-40 dataset). "n.s." indicates that no significant difference was found. For the fingerprint, the differences between the two NAc subregions was greater than expected by chance after the permutation tests (histograms); that is, the observation was greater than the criterion, indicating clearly distinct profiles for the shell-like and core-like subdivisions in the three connection types. (B) The intersection of the fingerprints across three connection types was extracted as the convergent connectional family. The new AC, rsFC, and coactivation fingerprints of the bilateral NAc subregions are shown in blue, red, and cyan lines, respectively. Permutation tests showed that the difference between these fingerprints was smaller than expected by chance, indicating convergent connectivity profiles across three modalities for the shell-like and core-like subdivisions.
r Xia et al. r r 3888 r subdivisions had clearly distinct rsFC profiles but symmetric connectivity patterns between the hemispheres.
Task-Dependent Coactivation of the NAc Subregions
We further examined the coactivation patterns of the subregions and their conjunctions and contrasts analyses (Fig. 4C and Supporting Information Fig. S6 , the peak coordinates were reported in Supporting Information Table S2 ). 14 target areas were extracted to build the coactivation fingerprints ( Fig. 5A ; Supporting Information Table S4 ; see Supporting Information Results II.5).
In brief, common coactivation areas with both NAc subregions included the SCC, Ca, and Pu. In addition, the left NAc subregions had a common coactivation with the paraCC (prelimbic portion), while the right NAc subregions had common activations with the THA and AMYG (anterior and central portions). The brain areas that had specific coactivations with the shell-like subdivision were primarily concentrated in the SCC, HIPP, and paraHIPP. In addition, the left shell-like subdivision had a prominent coactivation with the OFC; the right shell-like subdivision had a prominent coactivation with the AMYG (basal portion). In contrast, the corelike subdivision had prominent coactivations with the CPu, INS, THA, and dorsal ACC/paraCC. The left corelike subregion also had a prominent coactivation with the MidB.
Unlike the findings from the AC and rsFC fingerprints, the fingerprints were asymmetric between the hemispheres. A possible explanation for this asymmetry is detailed in the Supporting Information Results II.5. Importantly, the coactivation profiles of the two NAc subregions still showed significant differences after the permutation tests.
Conjunction Between the rsFC and MACM
Like the results reported by Hardwick et al. [2015] , in this study, most areas found to be activated according to the MACM were also activated in the rsFC study. We reported the peak coordinates of the areas identified in both the rsFC and MACM analyses in Supporting Information Table S3 . The brain areas identified by both the rsFC and MACM analyses as connected with the shell-like subdivision were fairly localized bilateral clusters in the SCC, CPu, and the prelimbic ACC. Both types of analyses also showed connections between the left shell-like subdivision and the AMYG and paraHIPP.a and between the right shell-like subdivision and the parietal lobes, THA, MidB, and INS. In comparison, both methods identified a concentration of connections between the core-like subdivision and the SCC, CPu, THA, INS, FP, ACC, and paraCC (prelimbic and dorsal portions) as well as between the right core-like subdivision and the parietal lobes.
Convergent Connection Patterns Across Modalities in Fingerprints
The fingerprints of the three modalities were overlaid and their intersections, 12 target areas, were extracted to build convergent connection patterns for an acrossmodalities comparison. (Fig. 5B ; Supporting Information  Table S5 ). Interestingly, these surviving target areas included the same major areas that previous research suggested as being connected with the NAc [for reviews see Floresco, 2015; Salgado and Kaplitt, 2015] . These areas included the primary cortex afferent from the MPFC; SCC; ACC; subcortical structures, including the HIPP and AMYG; the adjacent areas of the CPu; and important projections from the MidB and thalamic subregions.
Differences in the connectivity pattern across the modalities was localized to target areas, such as the TP and INS, that emerged in one modality but not the others and to target areas whose connectional tendency to NAc subregions such as the FMed and ACC, was inconsistent. The same conflicting connections were also reported by Baliki et al. [2013] . Nevertheless, most of the areas that had emerged from thee modalities were retained in the convergent fingerprint, and only the weak connectional areas were eliminated. Additionally, when using the unified connectional family, the permutation tests confirmed "close" relationships between the fingerprints from each of the three modalities ( Fig. 5B and Supporting Information Fig. S7 ). All these together reflected convergence between the three modalities.
Finer Frontal Cortical Connectivity Profiles
Since our finding that the OFC had prominent connections with the shell-like subdivision in the fingerprint was inconsistent with earlier studies [Basar et al., 2010; Salgado and Kaplitt, 2015] , we resolved this difference by using a finer frontal atlas. The name and the corresponding locations of some of the regions in this atlas are portrayed in Figure 6 . The AC fingerprints were approximately symmetric between the hemispheres, clearly showing that the shell-like subdivision had a prominent connection with mediocaudal regions such as 14m, 13, and 25 and the core-like subdivision had a prominent connection with areas of the rostrolateral prefrontal cortex, such as 11m, 11, 47o, and 47m. Interestingly, such territoriality, with the areas clearly segregated according to their differential connections with the shell-like and core-like subdivisions, is quite consistent with a previous meta-analysis about reward and punishment [Kringelbach and Rolls, 2004] .
DISCUSSION
Three parcellation schemes, PDT-CBP, rsFC-CBP, and MACM-CBP, from complementary neuroimaging modalities, that is, dMRI, rs-fMRI, and task-dependent coactivity, r Multimodal Parcellation of the Human NAc r r 3889 r respectively, were used to parcellate the human NAc. The 2-cluster result was chosen as the optimal solution because of its clear superiority in data metrics and in its relationship to the well-known morphologic subdivision. Consensus clusters across the three schemes were subsequently yielded as the final parcels. We characterized three types of connectivity patterns of the parcels from voxel-wise and fingerprint perspectives and compared the connectivity patterns across hemispheres, modalities, and subregions. The results showed inter-hemispheric symmetry, a high level of convergence, clear divergence across the modalities, and, most importantly, significant heterogeneity between the subregions. The result also confirmed the primary connections of the shell and core from earlier animal reports, supporting dissociable roles of the shell and core, to some degree. Furthermore, the resulting data-driven NAc parcels may aid further research into the NAc subregions, particularly in neuroimaging.
Considerations of the Methodological Basis
Local microstructural/molecular features and the holistic connective architecture are indicated to be complementary and correlative, which are both implicated in determining a region's function [cf. Barbas and RempelClower, 1997; Fan et al., 2016; van den Heuvel et al., 2015] . However, the gross correspondence of the parcellation results based on different features or even sub-features, for example, different immunohistochemical markers or different connection types in this study, still remains unclear, weaker-or even noncorresponding results exist in many studies [Fan et al., 2014; Liu et al., 2013; Moerel et al., 2014; . For example, both left and right inferior parietal lobule (LIPL/RIPL) were parcellated into seven regional cytoarchitectonic subregions [Caspers et al., 2006] , but three receptor distributed subregions and five tractographically defined subregions [Mars et al., 2012; Wang et al., 2012] . Thus, more work is needed to untangle the complex relationship between these features.
In this study, the new evidence of the NAc's parcellation results was provided based on three types' connections. An alternative hypothsis was that these parcels based on different types' long-range connections could better correspond with each other and with microstructural subregions, and the key connections could be in line with trace neural connections, that is, the correlations exist among macro-connections or/and microstructures in human NAc. And, if the hypothsis is confirmed, the availability of our results is confirmed in some degree as well.
Connectivity-Based Parcellation
How to be sure that the optimal solution to a parcellation scheme has been identified remains an open question [Thirion et al., 2014] , but it is clear that fine connectional distinctions can be detected as imaging solutions or methods improve and that finer grained parcellations will follow. Existing anatomical and histochemical studies have most frequently subdivided the NAc into 2, 3, or 4 clusters. An exception was a "patch-matrix" organization [Humphries and Prescott, 2010] , which subdivided the NAc into more subregions, but this was difficult to investigate in this study because of limitations in both data quality and the distance constraint algorithm used in our parcellation. For these reasons, we set the maximum value of the clustering algorithm to 4. For similar reasons, Baliki et al. [2013] used PDT-CBP to directly subdivide the human right NAc into a pshell and a pcore to match the well-accepted shell-core dichotomy. Specific frontal cortical connectivity profiles. (A) AC fingerprints for the NAc subregions with target areas that met the criteria, these target areas were extracted from a finer-gained frontal atlas. (B) Axial slices (Z 5 58 mm) through the MNI152 standard brain with the AC areas overlaid regions that had a prominent connection with the shell-like subdivision are wrapped in a white circle, while regions wrapped in black dotted circles are prominent connect with the core-like subdivision. These roughly corresponded to (C) regions of the rostrolateral (two lateral dotted circles) and mediocaudal (medial dotted circle) prefrontal cortexes, which have been shown to be involved with a unified appetitive response to rewards and punishments, respectively [Kringelbach and Rolls, 2004] .
r Xia et al. r r 3890 r As previously mentioned, the 2-cluster solution was chosen as the optimal solution because of its clear superiority in the data metrics compared to the other two solutions as well as because of its correspondence with the well-accepted dichotomy. Specifically, both the Dice and the VI indicated that the 3-cluster solution was not the optimal one, and the 4-cluster solution barely met the secondary criteria of the mean VIs but had a poor Dice. Therefore, both solutions were rejected, although they could be considered for further study using a better scheme or/and more accurate data. The parcels in selected 2-cluster solution confirmed the hypothsis metioned above that the better correspondence among parcels based on different features/sub-features exists in human NAc. And this further enabled us to obtain consensus clusters, like the procedure used in previous studies, such as Bzdok et al. [2013] who got consensus clusters for the right temporo-parietal junction using rsFC-CBP and MACM-CBP and Wang et al. [2015] who obtained consensus clusters for the superior parietal lobe using the same three schemes as we used. We chose these multimodal consensus clusters as the final parcellation for the subsequent connectivity analysis. The comparisons between our result and early results were detailed in Supporting Information Results II.2.
Connectivity Patterns of the NAc Subregions Support Their Putative Functions
As reviewed in Floresco [2015] and Humphries and Prescott [2010] , the NAc appears to integrate cognitive, mnemonic, and emotional signals primary from the frontal lobe, HIPP, and AMYG, respectively, and turn them into action via output to the ventral pallidum (VP) and other subcortical motor effector sites. Thus, the NAc may help to determine the direction and intensity of behavior. Earlier studies found functional and anatomical heterogeneity in the NAc. Therefore, we used neuroimaging to investigate these subregions' unique connections to try to understand how their specific functions are indicated by their unique connections [Johansen-Berg et al., 2004; Sporns et al., 2005] .
In summary, although between-hemispheric differences were found in some areas using a voxel-wise approach, the connectivity fingerprint, obtained by finding the mean connectivity strength of the target areas obtained from the combined atlas, showed good between-hemispheric symmetry except for between-hemispheric differences in coactivity. Additionally, most areas that had weak connectional strength in any of the three types of fingerprints, such as the FP and PCC, which were weak in coactivity, and the SPL and SMG, which were weak in both AC and coactivity, were excluded from the convergent connection family. This further enhanced the reliability of the comparison of the fingerprints because, logically, weak connections may be more susceptible to errors. Permutation tests on these unified convergent connections confirmed convergence across the three modalities by revealing "close" relationships between the fingerprints. Thus, the connections we discuss below can be understood as referring to any of the three modalities, unless there was some reason for special emphasis with respect to one of the modalities. Later in this discussion, the significant heterogeneous connection patterns across the NAc subregions that underlie their specific functions will be discussed in connection with each specific subregion.
Consensus Target Areas
As shown above, we obtained 12 consensus target areas that possessed all three types of connections with the two NAc subregions and used them for the convergent connection fingerprints. Having only a few (i.e., 12) consensus target areas in the fingerprints avoided the risk of overfitting the fingerprint [Mars et al., 2016] . Compared with the 10 prespecified target areas in Baliki et al. [2013] , two areas, the INS and paraCC, were excluded from our convergent connection family because of their weak direct-(AC) but rich indirect-connection (rsFC or coactivity) with the NAc. Earlier studies reported that projections from the agranular INS to the core, including direct- [Brog et al., 1993] and indirect- projections via the thalamic nucleus as well as projections from the dorsal and ventral agranular insula region only reach the lateral core and lateral shell, respectively [Humphries and Prescott, 2010] . In addition, the paraCC exhibits significant morphological variations in the paraCC sulcus across subjects, sexes, and hemispheres [Fornito et al., 2006; Leonard et al., 2009] , presenting an absence of the rich limbic connections characteristic of the ACC in non-human primates [Paus, 2001] .
In addition, the CC was replaced by the ACC, which has been reported to project to the restricted portion of the rostrolateral NAc. Additionally, the MPFC has been found to have extensive and distinct projections to the shell and core [Heidbreder and Groenewegen, 2003; Zahm, 1999] . The basal ganglia, which include all the subcortical nuclei, had distinct connections with the two subregions but were replaced in our work by their sub-structures, that is, the Pu, Ca, and Pa. In addition, DA-synthesizing neurons in the MidB play an important role in regulating most of the functions of the NAc [Ikemoto, 2007; Volkow and Morales, 2015] . Some nuclei of the thalamus, which reportedly project to the shell and core [Berendse and Groenewegen, 1990] , have an important role in regulation, such as in aversive memory [Zhu et al., 2016] . Based primarily on these important connection areas that were found in the convergent fingerprints, we will briefly discuss the possible functions of our final NAc subregions.
Shell-like Subdivision
Located in the ventromedial NAc, the shell-like subdivision corresponds to the anatomical shell subregion. The r Multimodal Parcellation of the Human NAc r r 3891 r major function of the shell was summarized as "stay on task" by Floresco [2015] . This expression shows the association of this area with reward-related goals that have already been obtained or are going to be obtained in complex environments by suppressing irrelevant, less-or nonrewarding stimuli. This possible function was primarily raised by numerous lesion or inactivity experiments in animal models but was supported by the connectivity patterns of the shell-like subdivision in this neuroimaging study.
Cortical Areas
The shell-like subdivision had prominent cortical connections, including those with the MPFC, OFC, and SCC. Using a finer-grained frontal atlas, we found that this connection is prominently concentrated in the mediocaudal prefrontal cortex. This is consistent with findings from previous research, for example, that the connections with BA 25 are notably restricted to the medial shell [Heidbreder and Groenewegen, 2003] . The specific connection profile from neuroimaging also agreed with a medial-lateral distinction of the ventral prefrontal cortex based on a unitary appetitive response to rewards or punishments, according to a meta-analysis by Kringelbach and Rolls [2004] , and further supported a prominent reward role for the shelllike subregion. However, the ACC, as aforementioned, showed an unexpected result in AC and coactivitation (with the left shell-like subdivision), which might, as with the result for the CC in Baliki et al. [2013] , have been caused by different types of connections. Functionally, the mediocaudal prefrontal cortex, especially area 25, which has projections to the NAc, appears to play a central role in suppressing strategies [Peters et al., 2008] .
HIPP and AMYG
The shell-like subdivision had prominent limbic connections with the HIPP and AMYG, findings which were consistent with former research findings about the shell. HIPP formation projections from the subiculum and CA1 regions were notably restricted to the shell via the fimbriafornix fiber bundle [Groenewegen et al., 1987] . This was confirmed by the AC, which functionally appears to be involved in the spatial navigation of different environmental stimuli and the recognition of novelty [Ito et al., 2008; Mannella et al., 2013] . The basolateral AMYG primarily projects to the shell and appears to be involved in the complicated function of encoding the value of stimuli and predicting their appetitive or aversive consequences to adjust the motivational level [Cardinal et al., 2003 ].
MidB
The cortical and limbic inputs impinge on and may integrate into the NAc [French and Totterdell, 2003 ] for the regulation of DA from the MidB [Lodge and Grace, 2006] . DA has been reported to play different roles in the NAc shell and core, involving complementary or even antagonistic functions in some circumstances [Baudonnat et al., 2013] . On the basis of its primary origin from the VTA, the shell was hypothesized to be functionally associated with the mesolimbic dopamine system and to play a critical role in biasing decision-making when a reward is uncertain [Dreyer, 2010; Stopper and Floresco, 2011] . But in this study, the MidB was involved, rather than the subregions of the VTA, so we only observed a weaker connection with the shell-like area, compared to the core-like subdivision. Finer-grained connection patterns may be detectable in the future.
Other Subcortical Structures
It is clear from their anatomy and histochemistry that the dorsolateral and the ventromedial ventral pallidum (VP) are the major output locations for the shell and core, respectively [for reviews, see Basar et al., 2010; Salgado and Kaplitt, 2015] . In this study, limited by the lack of a VP-atlas for human neuroimaging, we only observed the Pa had a weak connection with the shell-like area. Some other structures, the CPu and THA, which both had weak connections with the shell-like area, will be discussed below in connection with the core-like subdivision. In addition, prominent connection between the two subregions were found in the voxel-wise connection patterns, a finding which was consistent with former research indicating that the shell receives extensive projections from the core [van Dongen et al., 2005] . Functionally, this connection may involve the passing of the expected value of each associative cue and behavior in response to salient stimuli [Day et al., 2011] ; according to probabilistic reinforcement learning theory, the resulting predicted error could then be brought back to prefrontal cortex through the corticostriato-thalamo-cortical loop to update subsequent similar action-outputs [for review, see Dolan and Dayan, 2013] .
In short, our neuroimaging research revealed prominent connections of the shell-like subdivision with the mediocaudal part of the prefrontal cortex, HIPP, and AMYG. This evidence indicated that the function of the shell-like subdivision is to maintain the association with the best available reward by suppressing the less-or non-rewards stimuli. The connection with mediocaudal prefrontal cortex also supports this prominent reward role for the shelllike area.
Core-like Subdivision
The core-like subdivision, located in the dorsolateral NAc, corresponded to the anatomical core subregion. Functionally, the core has been deemed to have the same goal as the shell but with a distinctive way of selectively implementing the specific goal-directed actions to approach a new reward-related goal in complex environments. This has r Xia et al. r r 3892 r been summarized as "Go to it" by Floresco [2015] . This specific implementation also received neuroimaging support from our findings about the connectivity patterns of the core-like subregion.
Cortical Areas
High frequency DBS animal experiments suggested cortical connections between the core and the olfactory cortex [McCracken and Grace, 2007] . This is consistent with the core-like area's connectivity profiles gained by using a more finely divided frontal atlas. The same regions of the lateral OFC have also been reported to be involved with encoding punishments [Kringelbach and Rolls, 2004] . These findings supported the prominent aversive role of the core-like subdivision, that is, that it has an antagonistic interaction with the shell-like area. Another major cortical connection area was with the ACC, part of the branch of the cortico-striato-thalamo-cortical loop, which showed a prominent connection with the core, as was confirmed by the connection patterns (except for those obtained using AC) of the core-like subdivision. Functionally, the prelimbic ACC had been reported to be involved in working memory for action-outcome-based sequencing [Coutureau and Killcross, 2003 ] by being updated constantly through the aforementioned loop. Thus it may provide action information to the core-like subdivision to enable a shift toward a new action when more rewarding stimuli occur.
AMGY and THA
The weak connection between the core-like area and the AMYG may be involved in the regulation of Pavlovian and instrumental conditioning [Cardinal and Everitt, 2004; Everitt et al., 2001] . This connection, along with the cortical connection, may function to predict cues and salient stimuli [Day et al., 2010; Roesch et al., 2007] by encoding the subjective value of the stimuli and selecting the action that tends toward the best available option [Mogenson et al., 1980] . The THA's prominent connection with the core-like subdivision was primarily concentrated in the THA.preF and THA.T, that is, the prefrontal-and temporal-specific thalamus subregions, areas that have also been reported to be required for the expression of aversive withdrawal symptoms [Zhu et al., 2016] , another indication of the specific-aversive role of the core-like subdivision.
MidB
Another MidB subregion, the SN [Bjorklund and Dunnett, 2007] was found to have a prominent connection with the core. The finding that DA primarily originates from the SNc may indicate that, functionally, the core, like the dorsal striatum, is associated with the nigrostriatal dopamine system [Deutch, 1992] and plays a role in motor control [Bassareo et al., 2007] . DA originating from the VTA, however, may be involved in selectively facilitating a flexible response to reward-related stimuli [Saunders and Robinson, 2012] . In this study, as stated above, we observed a strong connection with the MidB rather than with its subregions. Therefore, the connection with the MidB subregion needs further study.
Other Subcortical Structures
The core-like subdivision showed prominent connections with the CPu and Pa. Two perspectives may shed light on these connections. First, there may not be a sharp border between the NAc and the CPu, so the input and output projections of the NAc neurons blended into neighboring regions [Maurice et al., 1999] . The second possible explanation is that the two neighboring regions have extensive interconnections via intra-striatal projections [van Dongen et al., 2005] . In this case, a strong connection with the core-like area could have resulted from the larger contact area.
In short, our neuroimaging research revealed prominent connections of the core-like subdivision with the lateral OFC and ACC as well as with the CPu, MidB, THA.preF, and THA.T subcortical structures. These connections may provide evidence that the core-like subdivision plays a greater role in selectively instigating an approach toward stimuli associated with new best available rewards or with safety, that is, task switching from the current stimulus to a more rewarding one after a Pavlovian subjective prediction about stimuli or cues in a complex environment. In addition, the neurocircuits of this subregion further supported its prominent aversive role.
In general, the differences in the connection patterns provided by the three types of connections roughly supported the concept that the two NAc subregions have different, or even antagonistic, functions [Baudonnat et al., 2013] . However, these functions of the two subregions must be interrelated and complementary with each other, as indicated by their anatomical and functional interconnections, including direct and indirect connections via multiple circuits. A comprehensive understanding of the characteristics of the NAc subregions may eventually be realized by studying their anatomical and functional (taskindependent and task-dependent) connection patterns using many related biological experiments.
LIMITATIONS AND IMPROVEMENTS
Many factors, such as data quality and the registration method, may impair the accuracy of parcellations and the characterization of the connectivity patterns (see Supporting Information Limitations and Improvements). In this study, we selected subjects from high-quality HCP data, used the NABC registration method to relieve these impacts, and got well-overlapped consensus clusters from the three modalities. But many issues raised by this study, such as obtaining finer NAc parcellations and rer Multimodal Parcellation of the Human NAc r r 3893 r testing of the inconsistent connections across modalities, still require further research using better parcellation schemes, higher-quality data, or a finer brain atlas in the future.
CONCLUSIONS
We parcellated the human NAc using three data-driven parcellation schemes based on high-quality neuroimaging data along with some improvements. The 2-cluster solution was chosen as the optimal one. The consensus clusters in this solution across the three schemes were generated as the final parcels. Furthermore, the AC, rsFC, and coactivation patterns of these parcels were characterized from both voxel-wise and fingerprint perspectives. The latter was then used to compare the connectivity patterns across the hemispheres and subregions. The convergent connectional family was extracted and used for the comparisons across the modalities. We found symmetry between the hemispheres, convergence and divergence between the modalities, and clearly distinct patterns between the subregions. These convergent neuroimagingderived connectivity patterns confirmed earlier findings from animal models and supported dissociable roles for the NAc subregions.
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